Abstract-Detailed whole brain segmentation is an essential quantitative technique in medical image analysis, which provides a non-invasive way of measuring brain regions from a clinical acquired structural magnetic resonance imaging (MRI). Recently, deep convolution neural network (CNN) has been applied to whole brain segmentation. However, restricted by current GPU memory, 2D based methods, downsampling based 3D CNN methods, and patch-based high-resolution 3D CNN methods have been the de facto standard solutions. 3D patch-based high resolution methods typically yield superior performance among CNN approaches on detailed whole brain segmentation (>100 labels), however, whose performance are still commonly inferior compared with state-ofthe-art multi-atlas segmentation methods (MAS) due to the following challenges: (1) a single network is typically used to learn both spatial and contextual information for the patches, (2) limited manually traced whole brain volumes are available (typically less than 50) for training a network. In this work, we propose the spatially localized atlas network tiles (SLANT) method to distribute multiple independent 3D fully convolutional networks (FCN) for high-resolution whole brain segmentation. To address the first challenge, multiple spatially distributed networks were used in the SLANT method, in which each network learned contextual information for a fixed spatial location. To address the second challenge, auxiliary labels on 5111 initially unlabeled scans were created by multi-atlas segmentation for training. Since the method integrated multiple traditional medical image processing methods with deep learning, we developed a containerized pipeline to deploy the end-to-end solution. From the results, the proposed method achieved superior performance compared with multi-atlas segmentation methods, while reducing the computational time from >30 hours to 15 minutes. The method has been made available in (https://github.com/MASILab/SLANTbrainSeg).
I. INTRODUCTION hole brain segmentation is essential in the scientific and clinical investigation for understanding the human brain quantitatively, which provides a non-invasive tool to quantify brain structures from a single clinical acquired structural magnetic resonance imaging (MRI). A manual delineation on brain structures has been regarded as the long-held "gold standard". Yet, manual delineation is resource and time intensive, which is impractical to be deployed on a large-scale. Therefore, fully-automated algorithms have been desired to alleviate the manual efforts. In the 1990s, fuzzy c-mean methods had been used to parcellate a brain MRI to three tissues: gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) [1] . Since then, advanced whole brain segmentation methods have been proposed including, but not limited to, region growing, clustering, deformation models, and atlas-based methods [2] .
Atlas-based segmentation is one of the most prominent families among the segmentation methods, which assigns tissue labels to the unlabeled images using structural MR scans as well as the corresponding manual segmentation. In atlas-based segmentation models, the deformable registration methods are typically used to spatially transfer an existing dataset (atlas) to a previously unseen target image [3] [4] [5] . Single-atlas segmentation has been successfully applied to some applications [3] [4] [5] . However, the single-atlas segmentation suffers inferior performance when targeting large inter-subject variation on anatomy [6] , as reviewed in [7] . More recent approaches employ a multi-atlas paradigm as the de facto standard atlas-based segmentation framework [8, 9] . In multiatlas segmentation, the typical framework is: (1) a set of labeled atlases are registered to a target image [10] [11] [12] [13] , and (2) the resulting label conflicts are addressed using label fusion [9, [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] . With intensity harmonization [26] , whole brain registrations [27] , and multi-atlas label fusion (MALF), stateof-the-art MAS methods are able to segment brain from a clinical acquired T1-weighted (T1w) MRI volume to more than 100 labels using a small number of manually traced and representative scans. MAS approaches have been regarded as the de facto standard whole brain segmentation methods due to their superior performance on accuracy and reproductivity.
To deal with the local anatomical variations from imperfect registrations, the patch-based methods [16, [28] [29] [30] [31] [32] have been proposed. Meanwhile, the multi-atlas label fusion theory has been developed to model the spatial relationships between atlases and targets in 3D patches. To improve the performance of MAS for longitudinal data, the 4D patch MALF method was proposed [33] to incorporate the probabilistic model of temporal performance of atlases to the voting-based fusion.
However, one of the major limitations of the traditional MAS methods is the high computational cost. Therefore, the MALF is typically performed with a small number of atlases (e.g., <100 atlases for whole brain segmentation). To utilize the larger number of atlases or even previously unlabeled scans, many previous efforts have been proposed to develop faster and more robust MAS segmentation methods using unlabeled or automatically labeled data [34, 35] . With the similar intuition, the machine learning techniques have been incorporated into MAS to replace the traditional voting based or statistical model patch MALF. A number of machine learning MALF methods have been developed to learn MAS model from the larger number of atlases [36] [37] [38] [39] [40] [41] . The core idea of learning from training image patches contributes to and inspires a large number of deep convolutional neural networks (CNN) methods, including our proposed method.
Recently, CNN methods have been widely developed to applied to whole brain segmentation. The straightforward strategy of performing whole brain segmentation is to fit all brain volume to a 3D CNN based segmentation network, like U-Net [42] or V-Net [43] . Unfortunately, it is impractical to fit the clinical used high-resolution MRI (e.g., 1mm or even higher isotropic voxel size) to state-of-the-art 3D fully convolutional networks (FCN) due to the memory limitation of prevalent GPU. Another challenge of using CNN methods is that the manually traced whole brain MRI scans with detailed annotations (e.g., >100 labels) are rare commodities for any individual lab. To address the challenges of GPU memory restriction and limited training data, many previous efforts have been made. As a pioneer, de Brébisson [44] proposed a unified CNN network to learn 2D and 3D patches as well as their spatial coordinates for whole brain segmentation. Then, such network has been extended to BrainSegNet [45] , which employed 2.5D patches for training a CNN network. Recently, DeepNAT [46] was proposed to perform hierarchical multi-task learning on 3D patches. These methods modeled the whole brain segmentation as a per-voxel segmentation problem. More recently, from another "image-to-image" perspective, the powerful fully convolution networks (FCN) have introduced to the whole brain segmentation. Roy et al., [47] developed a 2D based method to train an FCN network using large-scale auxiliary labels on initially unlabeled data. Although the training was in a 2D manner, Roy et al., revealed a promising direction on how to leverage the whole brain segmentation network not only using manually traced images but also using initially unlabeled data. However, 2D based segmentation methods typically yield inferior spatial consistency on the third dimension. Therefore, it is appealing to perform 3D FCN (e.g., 3D U-Net [42] ) on Figure 1 . The proposed SLANT-27 (27 network tiles) whole brain segmentation method is presented, which combines canonical medical image processing (registration, harmonization, label fusion) with 3D network tiles. 3D U-Net framework is used as each tile, whose deconvolutional channel numbers are increased to 133. The tiles are spatially overlapped in MNI space, whose intensity inputs and segmentation outputs for one tile are visualized. whole brain segmentation for higher spatial consistency. Recently, multi-task learning [48] , complementary learning [49] , improved loss function [50] , and semi-supervised learning [51] have been applied to whole brain segmentation. Among such works, Rajchl et al. proposed a novel 3D multi-task learning network structure, which was able to achieve decent segmentation performance. However, the input image size of such network is limited to 128 × 128 × 128 (2,097,152 voxels) due to the GPU memory, which missed about two third of spatial information compared with 1mm isotropic brain volume in MNI space 172 × 220 × 156 (5,903,040 voxels). Therefore, directly applying 3D FCN to whole brain segmentation (e.g., with 1mm isotropic resolution in MNI space or even higher resolution) is still restricted by the current graphics processing unit (GPU) memory. To address such challenges, Li et al., [52] proposed a 3D CNN based sliding window based method, which used a single network to learn the patches at the different spatial location. In such a design, the single network implicitly learns two things: (1) "where the patch is located in the brain?", and (2) "how to assign labels for that patch". (1) decides the candidate labels for such patch among 133 labels, while (2) decides how to label each voxel in the patch.
In this work, we propose the spatially localized atlas network tiles (SLANT) method to alleviate the difficulties of patchbased learning by employing multiple independent 3D FCN networks that each network is only responsible for a particular spatial location. As multiple networks are used, the task of each network is simplified to focus on the patches from the similar parts of the brains with smaller spatial variations (e.g., each network deals with a particular sub-section of the brain as Figure 1 ). To enable such strategy, affine registration and standard brain space in traditional medical image processing are used to roughly normalize each brain to the same space. Finally, the label fusion technique is used to achieve the final segmentation from the network tiles. This work extended our conference publication [53] with (1) more complete illustrations on method and experiments, (2) new surface-based validation, (3) docker implementation, (4) new baseline methods, and (5) detailed regions of interests (ROIs) level analyses. Both the docker and the source code of SLANT have been made freely available online (https://github.com/MASILab/SLANTbrainSeg).
II. METHODS
The processing pipeline of SLANT method has been presented in Figure 1 . The SLANT pipeline employed the historical efforts in medical image processing including intensity harmonization, registration, and label fusion. 
A. Registration and Intensity Harmonization
The input of the SLANT pipeline is a single MRI T1w 3D brain scan. 45 manually traced MRI T1w 3D brain scans had been employed as the training data for training a deep convolutional network, multi-atlas segmentation, and intensity normalization. The first step in SLANT pipeline was an Affine registration from the target image to the MNI305 template [54] using NiftyReg [11] . Then, an N4 bias field correction [26] was performed to alleviate the bias from the imaging procedure. Note that MRI is a non-scaled imaging technique, which means the intensities of acquired scans varies across different scanners, and even different scans from the same scanner. Therefore, to further normalize the intensities across different scans, a regression-based intensity normalization method was introduced in the SLANT pipeline.
First, we define an MRI volume as a vector ∈ ℝ × , where is the number of voxels and ℝ means real numbers. Next, was normalized to by subtracting the mean intensity value and divided by standard deviation (std). The intensities were then harmonized by a pretrained regression model from all training atlases on "sorted intensity" in MNI 305 space. Briefly, the sorted intensity for was calculated by = sort ( > 0) , where the "sort" operation rearrange the intensities from largest to smallest. The " " was a binary hard mask learned from the average brain tissue probabilistic map (averaging brain tissue label in 45 atlases) by thresholding the probability with 0.5. The is able to exclude the nonbrain tissue intensities when performing regression. To train the robust regression [55] , mean sorted intensity vector was obtained by averaging all from all atlases. When segmenting a new testing scan, we modeled the relationship between (precalculated from all atlases) and the linear sort intensity vectors (from the testing scan) as = • + . For the testing scan, the and are learned adaptively from deploying a robust regression using "robustfit" function in Matlab, whose weight function is "huber". The is learned from all atlases before deploying the segmentation, while the is obtained from the testing scan when running the segmentation. After getting the coefficients and , we can get normalized volume from sorted volume for the testing scan as = • + . Then, the normalized for the testing scan was used the next learning stage.
B. Network Tiles
From registration and normalization, all training and testing brain volumes were mapped to the same MNI 305 standard space, whose resolution is 1 mm isotropic with 172 × 220 × 156 voxels. Since the high-resolution imaging volume could not be fitted into GPU memory using prevalent FCN networks, we employed independent 3D U-Net as a network tiles to cover the entire MNI space. Each 3D U-Net was a sub-network, whose resolution is a compromise between memory limitations and spatial resolution. For each 3D U-Net, we modified the decoder part upon the original 3D U-Net implementation to be compatible with 133 labels output. As shown in Figure 1 , 133 3D output channels have been employed in the deconvolutional layers in each 3D U-Net. th sub-network covers the sub-space , which was presented by the corner coordinate ( , , ) as well as the sub-space's size ( , , ), ∈ {1,2, … , } = : ( + ), : ( + ), : ( + )] (1) Both non-overlapped (SLANT-8) and overlapped (SLANT-27) network tiles have been introduced in Figure 2 . Briefly, SLANT-8 covered the entire MNI space using eight U-Nets by covering = 2 × 2 × 2 = 8 non-overlapped subspaces. Each sub-space in SLANT-8 covered 86 × 110 × 78 voxels (each dimension is about the half the MNI 305 space) with 1mm isotropic resolution. On the other hand, SLANT-27 covered = 3 × 3 × 3 = 27 overlapped subspaces. Each sub-space in SLANT-27 covered 96 × 128 × 88 voxels.
C. Label Fusion
When separating entire MNI space to subspaces, the overlapped strategy (as SLANT-27) would provide more than one segmentation results for a single voxel. Herein, an extra step other than concatenation is required to obtain the final segmentation label for that voxel from multiple candidates. In this work, the majority vote label fusion method was employed to get the final segmentation results. Briefly, the majority vote label fusion method was used to fuse segmentations { , , … , } from network tiles to a single final segmentation in MNI space.
where {0,1, … , − 1} represents possible labels for a given voxel ( ∈ {1,2, … , }). ( | , ) = 1 if ( ) = , and 0, otherwise. The space outside each network tile was excluded in the label fusion. Then, final segmentation in the original target image space was achieved by registering to original space from affine registration [11] . Note that for the non-overlapped strategy (as SLANT-8), the naïve concatenation was employed to obtain a final single segmentation directly without using label fusion. If more than one label were equally voted after majority vote for a voxel, the smaller label is used as final label for such voxel.
D. Boost Learning on Unlabeled Data
Inspired by [47] , we trained the network tile using large-scale auxiliary labels from existing segmentation tools on initially unlabeled MRI scans. In this study, non-local spatial staple label fusion (NLSS) based multi-atlas segmentation pipeline [56] was performed on 5111 multi-site scans. 45 T1-weighted (T1w) MRI scans from Open Access Series on Imaging Studies (OASIS) dataset [57] with BrainCOLOR labeling protocol [58] were used as the atlases. All testing scans and atlases were affinely registered to the MNI305 template [54] using NiftyReg [11] . Before performing the more time-consuming deformable registration, atlas-selection [20, [59] [60] [61] is typically performed to select a subset of the most representative atlases to reduce the computational complexity. Practically, 10-20 atlases are sufficient for a good multi-atlas segmentation [20] .
In our pipeline, 15 atlases were selected for each testing images by performing a PCA based atlas-selection [36] . To obtain the PCA manifold from all 45 atlases (or 5111+45 atlases for large-scale MAS), the 3D intensities within the same MNI brain mask of each atlas were converted to a 1D vector. Then, a naïve PCA project was performed on 1D vectors from all atlases to learn the PCA manifold. Once a testing scan is projected to the same PCA manifold, the 15 atlases with smallest Euclidean distance to the testing scan were selected as the atlases to segment the testing scans. The 15 selected atlases were pairwise registered [10, 11] and fused to achieve the target segmentation. For non-rigid registration, we use symmetric image normalization (SyN), with a cross correlation similarity metric convergence threshold of 10 and convergence window size of 15, provided by the Advanced Normalization Tools (ANTs) software [10] . For NLSS, the patch neighborhood was set to 3 mm isotropic and the search neighborhood was set to 5 mm isotropic. The spatial standard deviation was set to 1.5 mm. The maximum iteration number was set to 100.
First, the large-scale auxiliary labels were employed to train each network tile, which can be regarded as a pre-training stage. Then, a smaller set of manually traced training images was used to further fine-tune the network tiles. During the fine-tuning, the entire 3D U-Net in network tile was trained without freezing any layers.
III. CONTAINERIZED IMPLEMENTATION
Since the proposed SLANT method integrates a variety of image processing algorithms (e.g., registration, deep segmentation, label fusion etc.), it might be time-consuming for researchers to repeat the processing outside of our lab. Therefore, we developed a containerized implementation that provided end-to-end segmentation solution using Docker container. Using such implementation, the SLANT method can be deployed on any MRI T1w scans using one line of command.
A. Whole Brain Segmentation Docker
Docker (https://www.docker.com) is an open-source container technology, which provides a lightweight solution to deploy image processing algorithms in an operating system (OS) independent fashion. Unlike the traditional virtual machine that employs hypervisors to emulate the virtual hardware, the Docker container rests upon a single OS that results in a neater and smaller capsule. To enable the GPU acceleration required by the SLANT method, the NVIDIA-Docker (https://github.com/NVIDIA/nvidia-docker) was employed, which an extension of Docker with GPU capability.
In this paper, we present the SLANT Docker with details of implementation. First, a preprocessing step including N4 bias field correction, intensity normalization, and an affine registration to MNI space has been converted to a single binary executable file using MATLAB mcc complier. Then, the trained network tiles including the Python source code and parameters were included in the Docker. Next, the label fusion and inverse registration to original space has been converted to a single binary executable file using MATLAB mcc complier. The Docker was established on Ubuntu 16.04 with CUDA 8.0, MATLAB 2016a, Python 2.7, and PyTorch 0.2. The Docker has been saved in our dockerhub (https://hub.docker.com/u/masidocker), which can be deployed to the local computer by calling the following command:
sudo docker pull masidocker/spiders:deep_brain_seg_v1_0_0 Figure 3 . This figure demonstrates the major components for different segmentation methods. " (45) " indicated the 45 OASIS manually traced images were used in training, while "(5111)" indicated the 5111 auxiliary label images were used in training. The joint label fusion (JLF) and non-local spatial STAPLE (NLSS) methods were used as baseline methods.
B. Run SLANT in Docker
Once the docker has been imported to the local computer. The users are able to obtain the final output files by running a single command: 
A. Training Cohort
The training cohort consisted of 45 T1-weighted (T1w) MRI scans from Open Access Series on Imaging Studies (OASIS) dataset [57] . Each scan was manually traced to 133 labels based on BrainCOLOR protocol [58] by Neuromorphometrics Inc. (http://www.neuromorphometrics.com/). 5111 multi-site T1w MRI scans from nine different projects (Table 1 ) are used to obtain the large-scale auxiliary training data.
B. Validation and Testing Cohort
Three cohorts have been included in this study as validation and testing cohorts. The validation cohort consisted of five T1w MRI scans from the same OASIS dataset as training data. Such dataset was used to decide hyperparameters for training and evaluated the performance of the proposed method on the same site testing data. Then, the remaining testing cohorts were used as independent testing data to evaluate the performance of the proposed method as external validations.
OASIS Dataset. Five withheld T1w MRI scans from OASIS dataset with manual segmentation (BrainCOLOR protocol) were used as the first validation dataset. The resolution of raw T1w scans varies from 256 × 270 × 256 to 256 × 334 × 256, all with 1mm isotropic spatial resolution. The OASIS IDs of the 45 training and five validation scans can be found in (https://github.com/MASILab/SLANTbrainSeg).
Colin27 Dataset. The Colin27 T1w MRI scan, a high-quality averaging image from 27 scans from the same subject, was used as the first testing dataset. The high-resolution Colin27 T1w scan [62] was manually traced following BrainCOLOR protocol, which has 0.5mm isotropic spatial resolution with 362 × 434 × 362 voxels. This cohort contained one testing scan, which evaluated the performance of different methods on high-quality and high-resolution scenarios.
CANDI Dataset. The second testing cohort contains 13 T1w MRI scans from the Child and Adolescent Neuro Development Initiative (CANDI) [63] , which were manually traced following BrainCOLOR protocol. The scans had the same 256x128x256 resolution with 0.94x1.5x0.94 mm voxel size. This testing cohort evaluates the performance of the proposed method on (1) independent external validation dataset, (2) different population, whose age range (5-15 yrs.) was not covered by OASIS training cohort (18-96 yrs.).
V. EXPERIMENTAL DESIGN

A. Training
The experimental design for evaluating different methods have been shown in Figure 3 . This figure demonstrated the major components for different segmentation methods. "(45)" indicated the 45 OASIS manually traced images were used in training, while "(5111)" indicated the 5111 auxiliary label images were used in training. First, joint label fusion (JLF) [30] and non-local spatial staple (NLSS) [56] , two state-of-the-art multi-atlas label fusion methods, were employed as the baseline methods on whole brain segmentation. The hyper-parameters were defined as the recommended values of whole brain segmentation from the publications. The baseline multi-atlas methods used 45 OASIS training data and atlases.
Next, three previously proposed deep learning based whole brain segmentation methods: patch-based network [44] , naive 3D U-Net [42] , and HC-Net [52] methods were employed as additional CNN baseline methods. Using the affine registration ("Reg") as preprocessing, the "Reg.+U-Net" was also evaluated. To train the "Naïve U-Net", the original T1 MRI scans were resampled to the 96 × 128 × 88 resolution volumes for training using bilinear interpolation. To train the "Reg.+U-Net", the registered T1 MRI scans in MNI space were resampled to the 96 × 128 × 88 resolution volumes for training using bilinear interpolation for intensity scans and nearest neighbor interpolation for label scans. In testing stage, the output segmentation volumes were resampled (and inverse registered for the "Reg.+U-Net") back to the original image space. Such resolution is a compromise considering GPU memory limitation, ratios among three dimensions, and the network design. Both "Naïve U-Net" and "Reg.+U-Net" used only one 3D U-Net shape network. Using 8 or 27 independent U-Net shape networks, the proposed SLANT segmentation pipelines were evaluated on both non-overlapped scenarios ("SLANT-8") and overlapped scenarios ("SLANT-27").
The source code of patch-based network [44] and HC-Net [52] were obtained from the link provided by the publications (https://github.com/adbrebs/brain_segmentation a n d https://github.com/gift-surg/HighRes3DNet), whose hyperparameters had been kept the same as the publications. For the hyper-parameters that could not be founded in the publications, they were set as the default values in the source code. In Figure  3 , "45" means manually labeled scans were used during training, while "5111" means the auxiliary labeled scans were used as training data. The "Reg." means the affine registration has been employed as a preprocessing stage.
To be a fairer comparison, the same 3D segmentation network with the same hyper-parameters has been used for different U-Net (as the entire network) and SLANT experiments (as one network tile among 8 or 27 network tiles). Briefly, batch size = 1, input resolution = 96 × 128 × 88, input channel = 1, output channel = 133, optimizer = "Adam", learning rate = 0.0001. Meanwhile, all the preprocessing and registration methods are kept same for different U-Net and SLANT experiments. All the experimental networks can fit into an NVIDIA Titan GPU with 12 GB memory. For training using 5111 auxiliary label scans, 6 epochs were trained for a 3D segmentation network that each epoch took ~4 training hours. Therefore, training SLANT-27 using 5111 scans on 6 epochs took 27 × 6 × 4 = 648 hours (27 days) on a single GPU. Each network in SLANT-8 or SLANT-27 took more than 11 GB memory on NVIDIA Titan GPU. The detailed computational time of preparing 5111 auxiliary labels, training one epoch, and testing one scan are provided in Table 7 . For training from scratch using 45 manual labeled scans, 1000 epochs were trained. For fine-tuning using 45 manual labeled scans, 30 epochs were trained. The results reported in this paper were from the epoch number with the best performance for each method on five OASIS validation images. Then, the network parameters with such epochs were used on testing cohorts Colin27 and CANDI.
B. Evaluation Metrics
We employed the Dice similarity coefficients (DSC) as the main evaluation measurement for different approaches by comparing their segmentation results against the ground truth voxel-by-voxel. DSC is a ratio of twice the amount of intersection to the total number of voxels in automatic segmentation and manual segmentation , which is defined as:
where is true positive, is false positive, is false a negative.
Surface error measurements are the complimentary metrics to evaluate the quality of the segmentations. Therefore, we defined the vertices on the automatic segmentation and manual segmentation as and respectively. Then, the mean surface distance (MSD) from the automatic segmentation to manual segmentation is defined as:
where represents the infimum, and avg means the average.
The differences between methods were evaluated by Wilcoxon signed rank test [64] and the difference was significant means p<0.05 in this paper.
VI. RESULTS
A. Validation
Qualitative results of segmentation from three scans from OASIS validation cohort were shown in Figure 4 . The sensitivity analyses had been demonstrated in Figure 5 , which presented the model used for validation and testing among different training epochs. The overall segmentation performance on the entire OASIS validation cohort had been shown in Figure 6 . In the validation, JLF and NLSS were evaluated as benchmarks using 45 atlases and 5111+45 atlases. The "Patch-DCNN" and "Naïve U-Net" were performed using 45 atlases in the original image space. By introducing the affine registration ("Reg.") as preprocessing, the "Reg. + HC-Net" and "Reg. + U-Net" were conducted as additional benchmarks. The proposed SLANT-8 and SLANT-27 methods were evaluated on using 45 manual atlases, 5111 auxiliary atlases, and 5111+45 atlases. Figure 5 . Sensitivity results of training SLANT-8 and SLANT-27. The mean Dice similarity coefficient (DSC) between automatic methods and manual segmentations for different training epochs were showed as boxplots. The Left panels showed the segmentation performance on five OASIS validation cohort using 5111 auxiliary labeled scans. The best performance was from epoch 5, which was used as initial parameters for fine-tuning, whose performance was showed in the right panels. As a result, the model at epoch 28 after fine-tuning was used for SLANT-8 and SLANT-27. Left LOrG lateral orbital gyrus "*" indicates the three labels that were not included in Colin27 and CANDI cohorts. 
B. Testing
The qualitative performance on Colin27 and CANDI was presented in Figure 4 . In Figure 6 , the quantitative results of baseline methods and proposed SLANT methods. The mean Dice similarity coefficient (DSC) between automatic methods and manual segmentations was calculated for all testing subjects were showed as boxplots. The SLANT-27 using 5111 auxiliary labels for pretraining and fine-tuned ("FT") by 45 manual labels achieved highest median DSC values and was used as a reference method ("REF") in statistical analysis. If the difference to REF was significant from Wilcoxon signed rank test, the method was marked with "*" symbol. The mean DSC values on all anatomical labels (excluding background) between automated methods and manual tracing in original image space were showed as boxplots. From the results, affine registration ("Reg. + U-Net") leveraged the performance of "UNet" significantly, compared with "Naïve U-Net". For the same "Reg. + U-Net" network, training strategy using 5111 auxiliary labeled scans achieved superior segmentation performance than the strategy only using 45 manual labels. In Figure 7 , the quantitative results were also presented as the mean surface distance (MSD) values, which demonstrated that the proposed SLANT-27 method using 5111 auxiliary labels and fine-tuning achieved superior performance compared with baseline methods. The Table 2 3, and 4 presented the detailed quantitative measurement for all methods in terms of DSC, MSD, and Hausdorff distance, which also posed that the proposed SLANT-27 method with fine-tuning achieved the best performance validation and testing cohorts. As shown in Figure  4 , the "Patch-DCNN" and "Naïve U-Net" did not achieve meaningful segmentation results for Colin 27 since it is difficult for the network to capture the complicated spatial variations (e.g., different original spatial locations) from only 45 training scans. However, after reducing such spatial variations by introducing a simple affine-registration, the same U-Net "(Reg+U-Net" with 45 training scans) achieved large improvements on DSC. As the entire proposed pipeline has been implemented in a docker container, we defined our standard report (Figure 8 ) for quality assurance (QA) purpose. As a result, users will able to review the segmentation results immediately after finishing the segmentation.
The performance of each anatomical region was showed in Figure 9 , which was presented as box plots. Totally 129 regions have been compared since the label 71, 72, and 73 were not defined in the manual segmentation of testing cohorts. The brain regions defined in BrainCOLOR protocol was presented in Table 5 . To visualize the performance of all regions in an organized manner, we sorted the ROIs based on 1D low dimensional feature values from multidimensional scaling (MDS). Briefly, the mean, median, and std of each method were concatenated to a 2D matrix, which each row is a subject. Then, the MDS was deployed on such a matrix to have a 1D low dimensional representation of results for each brain region. We plotted the results of all brain regions from the smallest MDS value (top left) to largest (bottom right) to visualization the patterns of segmentation performances. From the results, the larger brain regions typically yielded better segmentation performance. The number of brain regions that a method achieved the best median DSC performance was showed in Table 6 . The "Δ" indicated the tolerable DSC differences that considered the methods to have equal performance. Each number in Table 6 indicated that the number of overall best performance of such method on all ROIs with a certain value of Δ. From the results, the proposed SLANT-27 method consistently achieved the largest number of best performance regions.
VII. CONCLUSION
In this study, we developed the SLANT high-resolution whole brain segmentation method, which combined the canonical medical image processing approaches (registration, harmonization, label fusion) with the deep neural networks. The proposed method addresses the GPU memory limitation on high-resolution 3D learning by introducing the network tiles. The SLANT network tiles used multiple spatially distributed 3D networks to learn segmentation at different spatial locations rather than learning all 3D patches at different spatial locations using a single network. To achieve decent segmentation performance with limited manually labeled whole brain segmentation scans, a large-scale 5111 initially unlabeled MRI T1w scans were used as auxiliary training data by applying the multi-atlas segmentation.
The internal validation and external validation (testing) have been deployed on the trained models, whose corresponding epoch number was learned from sensitivity analyses ( Figure 5 ). From Table 2 and Table 3 , the proposed SLANT-27 method achieved better overall segmentation performance. The final qualitative results were shown in Figure 4 , while the quantitative results were shown in Figure 6 and Figure 7 respectively in terms of volume and surface evaluation methods. Moreover, the proposed method requires ~15 minutes, compared with >30 hours are typically required by multi-atlas segmentation methods.
VIII. DISCUSSION
The network tile has been proposed to address the memory issues for high-resolution brain segmentation. In this study, 27 tiles are used for segmenting 1mm isotropic resolution MRI scans. In the future, the memory for a single GPU would be enough for housing the entire scan with the rapid development of hardware. However, the memory limitation would still exist when segmenting higher resolution MRI scans (e.g., 0.5 mm isotropic resolution MRI scans or even histology scans). Therefore, the proposed network tile strategy could be adapted for such applications.
The major limitation of the proposed method is that the larger computational resource is required. If multiple GPUs are available (e.g., eight GPUs for SLANT-8, 27 GPUs for SLANT-27), both training and testing time would be the same as single GPU based methods. Otherwise, when only a single GPU is available, the computational time for both training and testing will be linearly increased with the number of network tiles. The NLSS multi-atlas segmentation pipeline is used as one benchmark method and also for auxiliary training. Around 36 hours are typically required since 15 pairwise registration (~2 hours per pair) and non-local search label fusion (~ 6 hours) are employed. Many efforts have been proposed to accelerate the process using GPU acceleration [65] , atlas selection [25] , fast patch matching [66] etc. The speed of whole brain segmentation could be accelerated using such techniques.
In this study, MAS using the NLSS is employed to achieve 5111 automatic auxiliary segmentation, which is an accurate but resource intensive segmentation method. For instance, if each scan needs 36 hours using multi-atlas segmentation, 21 computational years are required for a single workstation. Meanwhile, the large-scale medical image processing infrastructure [67] and high performance computing cluster at Vanderbilt University were used. These resources access more than 10,000 computational cores. Therefore, 5111 multi-atlas segmentation jobs can be finished in two days if using about half of the ACCRE's resource (at an expense that would be impractical for routine inquiry). Practically, we typically used about 100 cores, which took more 2.5 month to process all data. Now, since we have made the SLANT Docker container freely available online (https://github.com/MASILab/SLANTbrainSeg), it only takes 15 minutes to segment a single scan. Therefore, a single workstation with a single GPU could process more than 5000 MRI scans within two months on a single work station, which enables other researchers to perform the auxiliary training using their own data. If multiple GPUs are available, the computational time to prepare auxiliary segmentations could be further reduced.
Another limitation is that a traditional affine registration is used, which takes about 5 minutes. In the future, the computational time of such registration could be alleviated using deep learning based affine registration methods. Meanwhile, NVIDIA Titan GPU with 12GB memory was used to train the SLANT network. If the less GPU memory is available, the input size of each patch could be reduced be compatible with the hardware. However, that might lead to even more atlas tiles compared with SLANT-8 and SLANT-27.
In this study, 45 atlases were used as fully annotated training data, which contains the 35 open source atlases from MICCAI 2012 challenge on multi-atlas labelling. In the large number of previous publications (which used the challenge data), 15 were typically used as training while 20 were used as testing. Since 2012, we have acquired more data with manual segmentation. We decided to use 45 atlases rather than 15 atlases for training the SLANT methods. The rationale is to maximize the segmentation performance on behalf of training data since more training data typically yield to superior performance for learning based methods. To compare with the state-of-the-art multi-atlas segmentation methods, the benchmarks in this study were all performed using the same 45 atlases with the recommended hyper-parameters in the publications.
This work demonstrates the value of canonical medical image processing approaches in this deep learning era. Thanks to affine registration, the performance of U-Net was leveraged by a significant margin ("Reg.+U-Net (45)" vs. "Naïve U-Net (45)"). Moreover, the same network achieved superior performance with more training data ("Reg.+U-Net (5111)" vs. "Reg.+U-Net (45)"), even were acquired from other automatic methods rather than manual delineations. Note that, more computational resources are required to train a network using 5111 auxiliary labeled scans compared with only using 45 scans. Therefore, the faster training strategy or adaptive sampling strategies could be the future directions to further accelerate the process.
The Patch DCNN and HC-Net were run based on the default hyperparameters in the code and the optimal parameters in the publications. We used such hyperparameters directly since they were published and have been tuned for brain segmentation tasks. Meanwhile, the same standard 3D U-Net hyperparameters are used to train the "Naïve U-Net" and "Reg.+U-Net" (on both 45 and 5111 down-sampled scans) without heavy tuning. Then, the same hyper-parameters are directly used to train the proposed SLANT-8 and SLANT-27 without additional tuning. Therefore, the same hyper-parameters are used to train "Naïve U-Net", "Reg.+U-Net", SLANT-8 and SLANT-27 without individual tuning (the hyper-parameters can be found in https://github.com/MASILab/SLANTbrainSeg). When presenting the results, different epoch numbers with optimal performance on validation cohort are selected for the different methods respectively. Then the trained models corresponding to such epoch numbers are directly applied to the independent testing cohorts without further tuning.
However, the performance of both benchmark methods and proposed methods could be further improved by performing additional tuning of the hyper-parameters on validation cohort respectively.
In this study, only 2×2×2 (SLANT-8) and 3×3×3 (SLANT-27) configurations are evaluated since they lead to a better balance between performance and computational cost compared with the larger number of tiles (e.g., 4×4×4 (SLANT-64) or more). The SLANT-27 achieved better performance compared with the SLANT-8 by introducing (1) more overlapped spatial locations, and (2) multi-atlas label fusion. In our pipeline, only the majority vote is employed. However, other label fusion methods might further leverage the segmentation performance. Another interesting finding is that when the "SLANT-27 (5111)" was only trained by NLSS labels, it achieved better performance than NLSS on testing dataset. Meanwhile, the 3D U-Net was used as the network tile in this work, which can be replaced by other 3D segmentation networks.
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